INTRODUCTION
An extensive vegetation greening trend has been observed in China over the past three decades (1, 2) . In addition to climate change, increased CO 2 concentrations, and nitrogen deposition, changes in land use and in land cover are also factors that explain the observed greening trend, as indicated by the increase in the leaf area index (LAI). Afforestation largely explains the spatial pattern of vegetation greening across China (1) . Such a large increase in forest cover and vegetation greening results in biogeochemical and biophysical effects on climate. However, most previous studies have focused on the consequences for the carbon cycle (3, 4) ; biophysical effects remain poorly understood. Previously, we showed that China's recent afforestation-induced forest expansion could lead to local cooling effects through biophysical feedbacks (5) . Here, we further explore how the biophysical coupling between atmospheric circulations and land surface changes caused by China's 30-year vegetation cover expansion could affect regional hydrology.
The hydrological balance of a region is controlled by precipitation, evapotranspiration (ET), runoff, and soil water storage (6) . Some earlier studies of the hydrological consequences of afforestation have highlighted decreased runoff and soil moisture in temperate regions due to the increased ET demand (7) . For example, large-scale afforestation was shown to reduce stream flow in North China's semiarid Loess Plateau (8) and to partly contribute to the recent drought over Southwest China (9) . However, these case studies should be viewed with caution because they were based on offline approaches that assumed precipitation to be a forcing variable that does not respond to vegetation changes through land-atmosphere feedbacks (10) (11) (12) (13) (14) (15) (16) (17) . It is not known how hydrological feedbacks from vegetation greening and afforestation in China may have changed precipitation either locally (18) or remotely in downwind regions (19, 20) and further influenced water yields (WYs) (8, 9) .
Previous studies that used coupled land-atmosphere models to quantify feedbacks from vegetation changes to precipitation through atmospheric circulation (21) (22) (23) (24) (25) often assumed hypothetical scenarios, for example, with full afforestation or complete deforestation, which overestimated the biophysical effects of vegetation on climate. Hypothetical forest cover scenarios were also used to model how vegetation changes may have affected the monsoon circulation in China (26, 27) . These studies have analyzed short time periods (usually from a few months to several years) and used fixed atmospheric boundary conditions (that is, wind, humidity, and temperature fields from reanalysis data) in regional models that tended to dampen the climate feedbacks from vegetation changes.
The aim of this study was to quantify how 30-year changes in observed LAI and forest area have affected regional hydrology in China by allowing for changes in precipitation in response to vegetation dynamics. To achieve this, we used a coupled land-atmosphere global climate model (GCM) known as IPSLCM (Institut Pierre-Simon-Laplace coupled model) GCM (28) , which was zoomed over China to allow a finer spatial resolution (~50 km) ( fig. S1 ). Two simulations were performed with the coupled model forced by observed ocean sea surface temperatures (SSTs) and atmospheric CO 2 concentrations from 1982 to 2011 (Materials and Methods). In the first simulation (SCE), the model was additionally forced by the 30-year dynamics of satellite-observed LAI and inventory-based changes in forest area, both of which were fixed in the second control (CTL) simulation following Zeng et al. (29) . Vegetation physiology parameters of the land surface submodel [ORganizing Carbon and Hydrology in Dynamic EcosystEms (ORCHIDEE), v3035)] in IPSLCM GCM were previously optimized by assimilating carbon and water fluxes measured from six eddy-covariance forest sites in China (section S1) (30) . The capacity of the optimized IPSLCM coupled landatmosphere model for simulating the spatial patterns and seasonal distributions of hydrological variables and atmospheric circulation over China was verified by comparing SCE simulations against observationbased data sets (section S2 and figs. S2, S3, S4, and S5A). Figure 1 shows the spatial pattern of changes in the satellite-derived LAI and inventory-based forest area from 1982 to 2011. On average, the growing season LAI increased by 10% (P < 0.01) across the entire country; however, there was high spatial heterogeneity. The largest increase in the LAI was observed in southern China, and the greening trend was also large in North China, the Northeast China Plain, and Northwest China (>0.1 m 2 m −2 decade −1
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; Fig. 1A ). Forest inventory data showed that China's arbor forests increased by~41.5 million hectares (4.3% of the country area) during the past 30 years (see Materials and Methods and the algorithm in section S3). In southern China, the increase in forest cover was more than 6% decade −1
. An exception to this trend was in Northeast China, where forest cover decreased locally (Fig. 1B) . The spatial pattern of the increase in the LAI roughly matched that of the increase in forest cover (spatial correlation coefficient R = 0.42, P < 0.001; Fig. 1B and table S1 ), although the increase in forest area was more uniform than that in greening in southern China. The results suggest that increased forest cover contributed to LAI greening (1), although other factors also contributed to the LAI signal.
Vegetation effects on regional hydrology at the country scale Overall, the SCE simulations adequately reproduced the observed trend in hydrological variables (Fig. 2) . The sign of the observation-based annual trend in ET (for example, 0.6 ± 0.12 mm year −2 , P < 0.05 for the Jung data set) is captured by the SCE simulations (0.28 ± 0.14 mm year −2 , P < 0.05), whereas the ET trend simulated by CTL is negative and nonsignificant (−0.09 ± 0.09 mm year −2 , P = 0.33; table S2). In contrast to ET trends, neither observed nor simulated precipitation showed any significant trend over the whole country (table S2) . Meanwhile, the decreasing trend of root-zone Global Land Evaporation Amsterdam Model (GLEAM) soil moisture (−0.14 ± 0.03% year −1 , P < 0.05 for the GLEAM data set) is consistent with the SCE simulations (−0.08 ± 0.03% year −1 , P < 0.05) at the country scale, whereas the CTL simulated trend of soil moisture is nonsignificant (−0.02 ± 0.02% year −1 , P = 0.38; table S2). Considering realistic vegetation dynamics in China also helped improve the model's simulation of interannual ET variability. Interannual variation in annual ET from the SCE simulations closely followed that of observation-based ET products [R = 0.54, P < 0.05 for the Jung data set; R = 0.59, P < 0.05 for the Zeng data set (Materials and Methods and Fig. 2A)] . SCE-simulated precipitation shows a significant but low correlation with precipitation in only one of the two observational data sets [R = 0.37, P < 0.05 for GPCC; R = 0.15, P = 0.44 for CRU (Fig. 2B) ]. This low correlation arises because the overall mean of the 15 simulations in SCE shows different variability in precipitation. The observed precipitation essentially represents one realization of the simulations (31) and is not necessarily correlated with the precipitation estimated from the overall mean of SCE. The low correlation between observed and simulated precipitation reflects the challenge of correctly capturing regional precipitation variability for current climate models. When compared against the GLEAM observation-driven data set, SCE simulations appeared to reproduce the interannual variation of relative soil moisture [R = 0.41, P < 0.05 for GLEAM_surf; R = 0.42, P < 0.05 for GLEAM_root (Materials and Methods)] better than the CTL simulations [R = 0.26, P = 0.17 for GLEAM_surf; R = 0.27, P = 0.14 for GLEAM_root (Fig. 2C)] .
The linear trends in vegetation-induced changes (that is, the difference between SCE and CTL) in annual hydrological variables allowed us to isolate the effects of vegetation changes on climate because the only difference between the two simulations was vegetation dynamics (Materials and Methods). The annual ET trend for SCE minus CTL (3.7 mm year −1 decade the negative effect of increased CO 2 levels on ET, which reduced stomatal conductance and transpiration. This negative effect of CO 2 is included in the CTL simulations with a fixed LAI. Not only ET but also precipitation increased in the SCE simulation, and the precipitation increase (4.0 mm year
, P = 0.26) was sufficient to offset the ET increase, resulting in a positive trend for WY (defined as precipitation − ET) at the country scale (Fig. 3A) . In contrast to the increased precipitation and ET from vegetation feedbacks, our simulations also showed decreasing soil moisture at the country scale (−2.8 mm decade −1 , P < 0.05; Fig. 3A) , indicating the existence of a water deficit at the regional scale (see the detailed analysis in section S4).
Spatial heterogeneity of vegetation impacts on hydrological cycles
We further investigated the hydrological responses to vegetation greening and afforestation across different regions. By considering changes in the spatial pattern of forest cover (Fig. 1B) and climatological precipitation ( fig. S6 ), we focused on four regions-North, Southeast, and Southwest China, where forest cover was increasing, and Northeast China, in the north of which forest cover was decreasing. In these regions, the temporal variation and trends in ET, precipitation, and soil moisture simulated by SCE generally agreed well with those derived from observations ( fig. S7 ). In particular, the sign of the trends, the significant increase of ET over North China (1.40 ± 0.32 mm year , P < 0.05) in the observation-based data sets were all captured by SCE (although with different trend magnitudes; see table S2), whereas the CTL simulations produce a negative ET trend and weak decrease in soil moisture over these regions. The significant correlations of ET between SCE and observation-based products (table S2) , relative to the nonsignificant correlation between CTL and observationbased product, also indicate the important role of vegetation in determining regional interannual variability of ET.
Vegetation impacts on regional hydrology showed strong spatial heterogeneity (Fig. 3 , B to E). In Southeast China, where the Southeast Asian monsoon system brings abundant precipitation (32), the increased LAI and forest area (4.0% decade −1 for LAI and 2.8% decade
for forests; Fig. 3C ) increased the annual precipitation by about 19.5 mm year
, P < 0.1), far exceeding the increase in ET [9.0 mm year
, P < 0.05)]. As a result, the WY increased by 10.5 mm year
). Because of this surplus water resource, soil moisture remained high in this region and was not significantly affected by vegetation changes (Fig. 3C) .
In Southwest China, where precipitation was controlled by the Southwest monsoon ( fig. S4 , D to F) and forest cover markedly increased (3.2% decade In North China, where the climate is much drier than that in the two regions discussed above ( fig. S6 ), our SCE results indicated a weak change in soil moisture (Fig. 3B ), although the increase in ET was large at 7.4 mm year
, P < 0.05; Fig. 3B ). This result contrasts with earlier local findings that large-scale afforestation over this semiarid region has reduced soil moisture and stream flow (8) . This is because our model included the positive feedback of vegetation to precipitation [7.9 mm year
)], which was large enough to cancel the effect of increase in ET, resulting in little change in soil moisture (Fig. 3B) .
In Northeast China, where forest cover declined, for example, in the north Greater Khingan Mountains (~53°N, 123°E), we found the largest reduction in total soil moisture in SCE minus CTL, with a rate of −8.1 mm decade
; Fig. 3E ). In this region, where the Asian monsoon circulation has a much smaller impact, the decline in forest cover has decreased precipitation in recent decades, resulting in multiyear water imbalances and thus reducing soil moisture (section S4 and Fig. 3E ). Possible mechanisms in explaining the precipitation responses Changes in precipitation during the summer monsoon season (from May to September) (33) could largely explain the annual precipitation response to changes in vegetation cover over North and Southeast China ( fig. S8C ), despite the changes in LAI, and the resultant surface latent/ sensible heat fluxes were the largest in spring (that is, from March to May; Fig. 4A and figs. S8, A and B, and S9, C and D) (34) . This pattern suggests that the change in summer monsoon circulation, rather than the change in the spring atmospheric thermodynamic state, dominates the annual precipitation responses (although these were not strong) to changes in forest cover in these two regions. In contrast to the strong change in atmospheric circulation reported under hypothetical vegetation change scenarios (21, 22) , we found that the impact of the largescale expansion of vegetation cover in China on the summer monsoon was weak overall ( fig. S5B ). However, our simulations did suggest a significantly enhanced westward wind at 700 hPa near the northern edge of a surface cyclonic anomaly centered near 25°N and 125°E ( fig. S10D ), bringing more ocean water vapor to increase summer precipitation over North and Southeast China. The large cyclonic anomaly structure in East China Sea (fig. S10, D and E) would not be produced by regional models in which regional circulation responses to vegetation changes are dampened by fixed atmospheric boundary conditions (26, 27) . In our simulations, because of the particular design of model configuration, the cyclonic anomaly over the East China Sea is evident. We believe that this cyclonic anomaly is in concordance with the intensified anticyclonic anomaly in the north of the Greater Khingan Mountains (~53°N, 123°E; Fig. 4B and fig. S10 , D and E) owing to the local reduction in forest area (Fig. 1B) . The decreased roughness and increased surface albedo in this region ( fig. S9 , A and B) may reduce moisture convergence and surface net radiation (23) , resulting in enhanced subsidence of the air mass ( fig. S10, A and F) , reduced relative humidity, increased temperature in the upper air ( fig.  S10, A and B) , reduced convective available potential energy (CAPE) ( fig. S10C) , and a change to a clockwise wind field near the surface of Northeast China (fig. S10, D and E) . The dipole structure (anticyclone versus cyclone) at 700 hPa (fig. S10, D and E) is consistent with the observed summer rainfall anomalous patterns in China (35) . It is an important atmospheric teleconnection structure taking place in summer because of the presence of a strong meridional circulation (winds to the north in lower layers and to the south in upper layers). Our results are consistent with numerous studies reported in the literature on East Asia/Pacific pattern (36, 37) and Pacific-Japan wave train (38) .
DISCUSSION
Our simulations of precipitation increases over North China in response to afforestation and vegetation greening (Fig. 3B) suggest that it is possible for this semiarid region not to experience a vegetationinduced soil drought over the past three decades, particularly considering the fact that the temporal trend of key land surface hydrological variables (that is, ET and soil moisture) has been captured by SCE simulations ( fig. S7 , A and C, and fig. S7A ) was offset by the positive precipitation response to increased vegetation cover (Fig. 3B) . However, this precipitation response is often ignored by observationbased analyses, which compare hydrological effects between different types of vegetation cover but under the same precipitation conditions (42) . We suggest that the decrease in soil moisture over North China (table S4) or the exacerbation of desertification over arid/semiarid regions (43) should not be attributed to forest expansion and reforestation. Soil moisture loss during the past three decades (44) could rather be attributed to other factors, such as the increase in anthropogenic aerosol loadings that have suppressed the observed precipitation in North China (45, 46) . Our coupled simulations suggest that any assessment of the hydrological effects of large-scale afforestation should account for vegetation biophysical feedbacks to precipitation, and this will be important to consider in the ongoing afforestation programs in China (47) . Nevertheless, future assessments should be conducted with caution because the observed decrease in soil moisture ( fig. S7C ) may limit ET enhancement, leading to possible changes in vegetation effects on precipitation.
If a robust change in the summer atmospheric circulation occurs because of vegetation greening and the expansion of forest area (Fig. 4B) , then large-scale afforestation can make a substantial contribution to the observed decline in summer monsoon precipitation over Southwest China (48) . This relationship was evidenced by the vegetation-induced reduction in summer precipitation ( fig. S8C ) and in meridional wind at 700 hPa in Southwest China (fig. S10E ). The suppression of summer precipitation amplified the signal of the year-round increase in ET ( fig. S8B ), which significantly reduced soil moisture ( fig. S8E ). Our simulations provide conceptual evidence to explain the increase in soil dryness during the monsoon season due to the afforestation-induced decrease in precipitation over Southwest China (9, 49) . Because of the "water pump" effect of newly planted trees (for example, rubber trees) (15) , further afforestation could increase the risk of enhanced soil drought in Southwest China.
In summary, our model simulations showed that large-scale afforestation and vegetation greening in China over the last three decades have had various hydrological impacts in different regions. They have led to significant decreases in soil moisture over Southwest China, where a weakened summer monsoon suppressed precipitation, but have had little effect on soil moisture over North and Southeast China. This weak impact of increased vegetation cover on soil moisture in North China updated earlier findings from offline models, which suggested a tendency for enhanced soil dryness due to the increase in vegetation greening and afforestation in North China. After including precipitation feedback, we may be able to draw new conclusions that precipitation feedback could suppress soil moisture drying out that would otherwise occur without this feedback. Our results highlight the critical role of precipitation feedbacks by afforestation on regional hydrological cycles, which needs to be included in the evaluation of future afforestation projects. Finally, our results have important policy implications for the use of large-scale afforestation projects as an effective way of reducing global CO 2 emissions and alleviating climate change. We suggest that effective and efficient afforestation projects need to consider both biogeochemical and biophysical feedbacks to maximize climatic, ecological, and socioeconomical services.
There are uncertainties regarding the robustness of our single-model results in simulating the regional hydrology in China, despite efforts made to optimize vegetation parameters in the land surface model. Future work could extend the analysis of LAI and increased forest coverage in China toward more Earth system models that have participated in the Coupled Model Intercomparison Project phase 5 (CMIP5). Other climate model centers are encouraged to perform experiments similar to this study to verify whether the signal of regional drying would be weakened by considering precipitation feedback from vegetation cover changes. Realistic representations of cloud and precipitation processes at regional scales are still a major challenge in climate models. Aerosols and their effects also need to be considered in future simulations over China, given pieces of evidence on the impact of changing aerosol on precipitation (50) . Improved model simulations are expected to enhance our understanding of precipitation impacts from large-scale afforestation and vegetation greening in China.
MATERIALS AND METHODS
Forcing data sets
The forcing data sets driving the IPSLCM GCM were satellite-observed LAI, which describes the leaf area per square meter, and an inventorybased vegetation map, which describes the fractional cover for each vegetation type. The satellite-observed LAI was derived from the GIMMS LAI3g products, with an interval of 15 days and a spatial resolution of 1 / 12 degree from 1982 to 2011 (51) . The inventory-based vegetation map was reconstructed as an input map of PFT for the model by combining spatial information from the 1:1,000,000 Chinese vegetation map (52) and temporal information from the multiyear provincial forest area from inventory data (53) during the past 30 years (see the details and algorithm in section S3).
The observed SST and sea ice concentration (SIC) maps with 1°× 1°s patial resolution and covering 1982-2011 were obtained from the Atmospheric Model Intercomparison Project (AMIP; www-pcmdi.llnl. gov/projects/amip). Observed global atmospheric CO 2 data were derived from those used for transient modeling in the project "Trends in net land-atmosphere carbon exchange" (TRENDY, http://dgvm. ceh.ac.uk/node/9) during 1982-2011.
Model and experiments
The IPSLCM GCM, which was developed in the mid-1990s, continues contributing to the multimodel comparisons project used by the Intergovernmental Panel on Climate Change in their assessment reports (28) . The newest version of the atmospheric component, the Laboratoire de Météorologie Dynamique atmospheric general circulation model with zoomed capability (LMDZ, version 5, v2076) for atmospheric dynamics and physics (54) , and the land surface component, ORCHIDEE (v3035) for energy and water balance (now also including carbon and vegetation dynamics modules) of terrestrial ecosystems (55), were coupled (namely, LMDZOR) and used to investigate vegetation biophysical feedbacks to regional hydrology in China. In addition to directly imposed vegetation canopy parameters (that is, LAI), we optimized vegetation physiology-related (for example, photosynthesis and transpiration) parameters using carbon and water fluxes from six eddycovariance forest sites in China (section S1) (30) . The soil hydrology scheme in ORCHIDEE is the two-layer Choisnel scheme, which has been shown to prevent excessively dry soil and to succeed in capturing immediate fluctuations of the evaporation rate (56) . This soil hydrology scheme is also consistent with that used in the version of ORCHIDEE that participated in the Global Land-Atmosphere Climate Experiment-CMIP5 (57) . When applied in China, LMDZOR has been zoomed over the East Asian region at a spatial resolution of 1°× 0.63°, which enables the free exchange of water, energy, and momentum at the boundary of the zoomed area ( fig. S1 ). Although the maximum spatial resolution of 50 km may still not be able to resolve mesoscale circulations, such as eddies (10 to 20 km) (58) , it can resolve the moisture and heat flux differences caused by surface vegetation heterogeneity because the vegetation forcing data have a relatively high spatial resolution. The version of LMDZOR used in this study does not consider aerosols and their interactions with clouds and precipitation in all simulations. Given potentially significant impacts of aerosol change on precipitation change (50) , further development of LMDZOR should consider including those processes to more accurately project precipitation change over China.
We applied the AMIP-type simulations (for example, www-pcmdi. 
Model evaluation
We used a variety of observational or observation-based data sets to evaluate the performance of simulated hydrological variables and the EASM. Observation-based ET products were derived from two data sources, namely, Jung et al. (59) and Zeng et al. (60) , both of which have tried to upscale the observed ET at a small spatial scale to a global grid of 0.5°× 0.5°according to an empirical statistical relationship. Observed precipitation was obtained from the CRU TS3.21 data sets (61) and data sets from the GPCC (62), University of Delaware (63) , and Global Soil Wetness Project 3 (http://hydro.iis.u-tokyo.ac.jp/GSWP3/). The common point for these data sets is that they all used observed data (the rain gauge) from global meteorological stations to a standard 0.5°grid. Soil moisture data were derived from the output from GLEAM v3.0 (64).
One of the biggest advantages of this data set is that the data assimilation system has assimilated the surface soil moisture from microwave observations into the soil profile. Because the total soil moisture is not available from the GLEAM data set, the relative temporal changes in the GLEAM_surf and in the GLEAM_root were used for a comparison with the relative change in the simulated total soil moisture in this study. Precipitation and winds (including both the zonal and meridional component) at 850 and 200 hPa were derived from the ECMWF reanalysis (ERA-Interim) (65) and NCEP reanalysis data set (66) . All observational or observation-based data sets covered the period of 1982-2011.
Comparisons of these observations or observation-based data sets demonstrated that our model is generally able to capture the spatial pattern and seasonal distribution of key hydrological variables, such as precipitation, ET, and relative soil moisture. The model capacity for simulating circulation (for example, the EASM) was also confirmed (see model evaluation in section S2). Despite the model's capability of capturing the sign and, partly, the magnitude of the trend of ET and soil moisture, and the interannual variability of ET when considering vegetation cover change in SCE (table S2), SCE and CTL have comparable biases with respect to observations (table S2), suggesting that systematic structural errors in the model are not related to vegetation changes. These biases may be not critical because our focus is the hydrological trends, not the absolute values. Meanwhile, the model's lack of ability to reproduce the observed regional-scale variability in precipitation and soil moisture (table S2) reflects the model's deficiencies in describing various hydrological processes, which are complicated and remain a huge challenge in current climate models. Further confirmation of our results with improved models is needed in the future.
Analysis
The tendency for an overall increase in the LAI and forest cover fraction ( Fig. 1) was calculated by the Theil-Sen robust estimate of a linear trend, and the significance of the trend was determined by the Mann-Kendall nonparametric test for a monotonic trend, which was performed using the National Center for Atmospheric Research Command Language. The vegetation greening results indicated an increased trend in ET from the SCE simulations in contrast to the relatively flat (no trend) variation of ET in the CTL simulations ( Fig. 2A) . The difference between them could therefore be used to isolate the vegetation signal from the influence of natural internal variability (that is, SST) under increasing atmospheric CO 2 concentration (29) . The linear trend of the differences in key hydrological variables (that is, precipitation, ET, and relative soil moisture) between SCE and CTL was estimated by the least-squares method as the slope in a linear regression function of time, performed using MATLAB. The corresponding F-statistics were used to test the significance of this vegetation-induced trend in hydrological variables over China.
The strength of the EASM, calculated following the method reported by Li et al. (67) , was measured by two indices: (i) the EASM index (EASMI), defined as the normalized difference in zonal wind between 850 and 200 hPa averaged over 20°N to 40°N, 110°E to 140°E and (ii) the precipitation difference index (PDI), defined as the normalized difference in precipitation between North China (33°N to 41°N, 105°E to 122°E) and the Yangtze River Valley (27°N to 32°N, 105°E to 122°E ). An evaluation of the reanalysis data sets (that is, ERA and NCEP) indicated that IPSLCM GCM could correctly simulate the temporal variation in EASMI (fig. S5A ). The differences in EASMI and PDI between SCE and CTL were used to isolate the vegetation impact on EASM ( fig. S5B ).
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